It is widely recognized that saltation is a turbulent process, similar to other transport 11 processes in the atmospheric boundary layer. But due to the lack of high frequency observations, 12
It is known from the start of modern aeolian research [Bagnold, 1941] that saltation, the hop 33 motion of sand grains near the earth's surface, is a turbulent process. However, early aeolian 34 studies focused mainly on its "mean" behaviour. Most well-known is for example the Owen 35 [Owen, 1964] saltation model which predicts that the vertically integrated saltation flux is 36
proportional to friction velocity cubed. A dedicated investigation on turbulent saltation was 37 conducted by Butterfield [1991] . Staut and Zobeck [1997] introduced the idea of saltation 38 intermittency and pointed out that even when the averaged friction velocity, u*, is below the 39 threshold, saltation can still intermittently occur. The emphasis of the latter authors has been on 40 the saltation intermittency caused by the fluctuations of turbulent wind. A related problem is how saltation can parameterized in wind erosion models. For example, for 48 dust modelling, it is important to quantify saltation, as saltation bombardment is a main 49 mechanism for dust emission. In wind erosion models, threshold friction velocity, u*t, is a key 50 parameter which depends on many factors including soil texture, moisture, salt concentration, 51 crust and surface roughness. In models, it is often expressed as 52 53 
(2) 65 66
where d is particle diameter in sand particle size range, ρ is air density, g is acceleration due to 67 gravity and u* is friction velocity. According to Kawamura [1964] , the saltation coefficient, co, 68 falls between 1.8 and 3.1. In wind-erosion models, co is often set to 2.6 [White, 1979] . The total 69 (all particle size) saltation flux, Q, is a particle-size weighted average of Q(d) 70 71
(3) 72
73
where d1 and d2 define the upper and lower limits of saltation particle size, respectively, and 74 ps(d) is the soil particle size distribution. Observations show, however, co varies considerably 75 from case to case, and as the data presented later in this paper show, for a given location, it may 76 vary from day to day and even during a wind erosion event. In most wind erosion models, both u*t and co are considered to be deterministic. But as saltation 85 is turbulent, it is more rational to treat u*t and co as parameters which satisfy certain probability 86
distributions. Saltation intermittency also implies that u*t and c0 must depend on the scale of 87
averaging. Shao and A is a model with a forcing vector F and parameters β. Let the initial state of the system be 106
i0, then the modelled value of the system, X = (x1, x2, …, xn), can be expressed as 107 108
The error vector is given by 
In this case, maximizing the likelihood is equivalent to minimizing the error, i.e., 124 125
This is the least-squares method for estimating β. 127 128
As an alternative, approximate Bayesian computation (ABC) method has been proposed [e.g. 129 Vrugt and Sadegh, 2013] . It is argued that β * should be a sample from ) ( X p  as long as the 130 distance between the observed and simulated data is less than a small positive value 131 132
This procedure provides an estimate of the probability distribution function for given dataset. 135
More efficient techniques based on the same principle exist, e.g., Markov Chain Monte Carlo 136
Simulation [Sadegh and Vrugt, 2014] . In this study, we apply the Differential Evolution 137
Adaptive In computing Q, we assume q = q0 exp(-az) with q0 and a being fitted from the measurements. 161
As q was measured only at three heights, the vertical resolution of q is relatively poor and 162 inaccuracies in the Q estimates are unavoidable. However, the profiles of q are well behaved 163 and thus the inaccuracies in the Q estimates are not expected to be so large to affect the 164 conclusions of this study. 165 166
Atmospheric variables, including wind speed, air temperature and humidity at various levels, 167
as well as radiation and precipitation, were measured using an automatic weather station (AWS friction velocity is one minute. We denote the one-minute averages of friction velocity as u*1m 183 and the 30-minute averages u*30m. In Fig. 3 , Q is plotted against u* 3 . Several interesting features can be identified. For the majority 203 of the points, the Q ~ u* 3 relationship appears to hold, but this relationship can vary significantly 204 even for the same data set from event to event. For example, large differences exist between 205 day 62 (a day of intensive wind erosion) and day 72 (a day of weak wind erosion), as seen in 206
both Fig. 3a and Fig. 3b . Also hysteresis can be observed in the saltation flux and friction 207 velocity relationship ( Fig. 3c ): during an erosion event, for the same friction velocity, saltation 208 is much stronger in the strengthening than in the weakening phase. There may be many reasons 209
for the hysteresis in the relationship between sediment flux and friction velocity but the most 210 likely are the differences in atmospheric turbulence (e.g. more gusty in the strengthening than 211
in the weakening phase) and time-varying surface conditions (e.g. particle sorting and 212 aerodynamic roughness). How well the saltation model performs, whether u*t and co are universal and how they are 220 probabilistically distributed must depend on the turbulent properties of saltation. As the JADE 221 saltation fluxes are sampled at 1 Hz, we can use the data to reveal (to some degree) the statistical 222 behavior of saltation. In Fig. 4 , the pdfs of the saltation fluxes for different particle size groups 223 are plotted, computed using Q1s and Q1m. It is seen that the pdfs generally behaves like 224 225 In case of Q1s, there seems to be a distinct change in α at a critical value of Qc ~ 3 gm -1 s -1 , with 228 α = 0.8 ~ 0.9 for Q < Qc and α = 4.0 for Q > Qc. The pdfs derived from Q1m appear to be 229 somewhat different, although the basic functional form is as given by Equation (13). In this 230 case, α is about 1 and drops off to about 2 for large Q values. Fig. 4 shows that the pdfs of Q 231 depends quite significantly on the interval of time averaging. Fig. 4 also shows that after 232 averaging, smaller saltation fluxes become more likely. This is because the time series of Q1s is 233 more intermittent (see also Fig. 6 ). The relatively large p(Q) at about Q1m = 10 -1 gm -1 s -1 is related to the psd maximum at d = 180 268 µm. 269 270
Following Stout and Zobeck [1997] , the intermittency of saltation, γint, is defined as the fraction 271 of time during which saltation occurs at a given point in a given time period. The latter authors 272 assumed that saltation is expected to occur only in the time windows when friction velocity 273 exceeds the threshold friction velocity. Therefore, suppose p(u*) is known, then γint is 274 275
This definition of γint is problematic, because u*t here is fixed. Stout and Zobeck [1997] used 278 the counts per second of sand impacts on a piezoelectric crystal saltation sensor as a measure 279 of saltation activity and found that γint rarely exceeds 0.5. 280 281
We examined γint using the JADE data. First, γint is computed using Q1m conditionally sampled 282
for u* > u*c, with u*c successively varied from small to large. In Fig. 6a , γint is plotted as a 283 function of u*c. It is seen that on one-minute intervals, γint has a maximum of about 0.25 for 284 small u*c and decreases to zero at about u*c = 0.3 ms -1 . This shows that saltation intermittency 285 mainly occurs under weak wind conditions. If γint is computed using Q1s, then its maximum 286 reaches about 0.4, similar to that reported in Stout and Zobeck [1997] . For the one-second case, 287
we cannot plot γint as a function of u*c, because u* is not available at such high frequency. Fig.  288 6b shows (the maximum of) γint as function of particle size for the one-second, one-minute and 289 30-minute cases. In general, γint increases with particle size, i.e., the saltation of larger particles 290 is more intermittent. Also, γint decreases with increased averaging time intervals, implying that 291 the small scales features of turbulence play an important role in intermittent saltation. 292 293 294 295 Figure 6 : (a) Saltation intermittency, γint, computed using Q1m conditionally sampled for u* > 296 u*c; (b) γint as a function of particle size for the one-second, one-minute and 30-minute cases. 297 298 Fig. 7 shows the power spectra of Q and u* (Fig. 7a) as well their co-spectrum (Fig. 7b ). The 299 power spectrum of Q is computed using both Q1s and Q1m, that of u* with u*1m. It is seen that 300 the power spectra of Q and u* have qualitatively very similar behaviour. Both have a maximum 301 at about 10 -5 Hz, a minimum at about 10 -4 Hz and another maximum at about 2x10 -3 Hz. The 302 maximum at 10 -5 Hz is related to the diurnal to synoptic events which drive the wind erosion 303 episodes, the minimum at 10 -4 Hz is due to the lack of turbulent winds at the time scale of 304 several hours, while the maximum at 2x10 -3 Hz is caused by the minute-scale gusty winds/large 305 eddies in turbulent flows. Also the Q-u* co-spectrum shows that Q and u* are most strongly 306 correlated on diurnal/synoptic and gust/large-eddy time scales. The saltation spectrum 307 computed using Q1s reveals again the maximum at 2x10 -3 Hz. However, the power of Q 308 spectrum rapidly decreases with frequency and become relatively weak on time scales smaller 309 than ~ 10 s. Given the turbulent nature of saltation, it is rational to treat u*t and c0 in the saltation model to 320 be parameters obeying certain probability distributions. To examine the behavior of these 321 parameters, we introduce two coefficients rc0 and ru*t, and multiply them respectively to c0 and 322 u*t in Equation (2 
The prior pdfs of rc0 and ru*t are assumed to be uniform. In the numerical experiment, we 336 randomly generate rc0 and ru*t and seek their values, such that show that for certain values of rc0 and ru*t, the above conditions are satisfied. Fig. 8 shows that 339
for Q1m, the best simulation is achieved with rc0 = 1.23 and ru*t = 1.05, while for the Q30m, with 340 rc0 = 0.94 and ru*t = 0.91. This shows that while the "optimal" estimates of u*t and c0 are close 341
to the corresponding theoretic values, they are dependent on the time averaging intervals, with 342 both u*t and c0 being larger for shorter averaging intervals. The parameter pdfs p(ru*t) and p(rc0) estimated using the DREAM algorithm are shown Fig. 9 . 350
All pdfs are fitted to a Γ-distribution. As seen in Fig. 9a and 9c , the most frequent ru*t values 351 are respectively 1.12 and 1.04 for Q1m and Q30m, close to the estimates of 1.05 and 0.91 found 352
in Fig. 8 . For Q1m, ru*t scatters in the range of ~1.12 ± 0.2 and for Q30m in the range of ~1.04 ± 353 0.3. This implies that sometimes saltation occurs when u* is below the theoretic u*t value and 354 sometimes saltation does not occur even when u* is above the theoretic u*t, as already seen in 355 Fig. 6a . In the case of p(rc0) (Fig. 9c and 9d) , the most frequent values of rc0 for Q1m and Q30m 356 are respectively 1.04 and 0.92, close to the optimal estimates of 1.23 and 0.94 found in Fig. 8 . 357
But rc0 scatters over a wide range, for instance, for Q30m between 0.5 and 5, i.e., c0 is a rather 358 stochastic parameter. In nature, many factors influence sediment transport, but the stochasticity of the parameters is 365 determined primarily by the turbulent fluctuations of friction velocity (representing surface  366 shear stress), the randomness of threshold friction velocity, and soil particle size distribution 367 (representing particle response to forcing). Studies have shown, for instance, that small changes 368 in soil moisture can have large influences on saltation [Ishizuka et al. 2008 ] and soil moisture 369 in the very top soil layer can vary significantly over relatively short time periods. Over the 370 period of 18 days this study is based on soil moisture varied. In this study, the influence of soil 371 moisture on saltation is accounted for via Equation (1) using the soil moisture measurements in 372 the top 0.05m layer (see also Fig. 4a in Shao et al. 2011 ). The uncertainty in the wind erosion 373 parameters arising from soil moisture is most likely reflected in the stochasticity of u*t. 374 375
The stochasticity of c0 is more likely related to turbulence and particle size. To show this, we 376 divided the time series of the saltation fluxes into two subsets, one with QD,i ≤ 3 gm -1 s -1 377
representing weak saltation and one with QD,i > 3 gm -1 s -1 representing significant saltation. This 378 separation is arbitrary but sufficient for making the point that wind erosion parameters depend 379 on u* which is a measure of turbulence intensity. The parameter pdfs, p(ru*t) and p(rc0), for the 380 subset QD,i ≤ 3 gm -1 s -1 is shown in Fig. 10 . For Q1m and Q30m, the most frequent ru*t values are 381 now respectively 0.99 and 0.85, somewhat smaller than the estimated values for the full set (see 382 Fig. 9 ). In comparison, the most frequent rc0 values are now respectively 0.30 and 0.29, much 383 smaller than for the case when the full set is considered (see Fig. 9 ). This suggests that c0 has a 384 dependency on u* and is smaller for smaller u* when saltation is more intermittent, as also seen 385
in Fig. 6a . 3 gm -1 s -1 . 390 391
We fitted the pdfs, p(ru*t) and p(rc0), for individual particle size bins. It is found that the most 392 frequent ru*t values do not differ substantially among the particle sizes, but rc0 depends 393 systematically on particle size. For example, the most frequent rc0 values for 100.7, 151.2, 203.3, 394 314.5 and 397.7 µm are respectively 0.48, 1.31, 1.65, 3.06 and 4.00. These values are obtained 395 by first estimating p(rc0) for the individual particle size bins with the measured saltation flux 396
for the corresponding bins and then normalizing p(rc0) with the mass fraction of the size bins 397 of the parent soil. A least squares curve fitting shows that the most frequent rc0 value depends 398 almost linearly on particle size: 399 400 62 . 0 012 . 0 0   d r c (16) 401 402
for the particle size range (100 to 400 µm) we tested, with d being particle size in µm. 403 404 We have shown that both u*t and c0 satisfy certain pdfs which depend on the properties of the 405 surface, atmospheric turbulence and soil particle size. Fig. 9 shows that for a fixed choice of u*t 406 and c0, even if they are "optimally" chosen, a portion of the measurements cannot be 407 represented by the model. Then, how does the saltation model perform if a single fixed u*t and 408 a single fixed c0 are used as is often the case in aeolian models? The p(Q) computed using the 409 model and derived from the JADE measurements are shown for Q1m and Q30m in Fig. 11 . In this 410
case, the saltation model is applied to the individual particle size groups and the total (particle-411 size integrated) saltation flux is computed using the u*t and c0 optimally estimated. Fig. 11  412 shows that the model over predicts and probability of large Q, but under predicts the probability 413 of small Q in both cases of Q1m and Q30m. 
